The Less Favored Areas (LFAs) scheme has existed in various forms since 1975 and it is a broad mechanism supporting rural development in agricultural areas with natural constraints (ANC). Within the programme period 2014-2020, the European Commission developed a common set of biophysical criteria (soil, climate, and terrain) to meet the requirement for a robust and harmonized approach of delimiting ANC throughout the EU Member States. Soil and terrain criteria can be derived directly from soil maps using geospatial analysis techniques based on the provided guidelines. However, the assessment of climatic criteria can be challenging especially in regions characterized by increased spatial variability and data scarcity. In this paper, the assessment of the dryness climatic criterion in a data-scarce region (Greece) as well as the challenges, limitations, and solutions are presented. Daily data-series from 140 meteorological stations for a 30-year reference period were analyzed and the spatial distribution of the precipitation and the potential evapotranspiration for each year were estimated in order to make the final assessment of the dryness criterion. Climate variability and the presence of trends were investigated as well. The obtained results indicated that most of the utilized agricultural area is affected by dryness due to a combination of low precipitation and high evapotranspiration rates. The extreme spatial variability especially in precipitation was also highlighted. An important temporal variability was observed as well, including indications of decreasing trends in precipitation and aridity index. Climate variability and possible trends should be investigated in more detail using longer time series in order to evaluate their impact in agricultural production.
Introduction
The necessity of maintaining agricultural activity in less favored areas (LFAs) recognized since the beginning of the Common Agricultural Policy (CAP) of the European Union (EU) focuses on improving the viability of agriculture in areas with natural constraints [1, 2] . The LFAs scheme is a major element of the EU Rural Development Policy and has existed in various forms since 1975 as a broad mechanism supporting rural development in agricultural areas with natural constraints (ANCs) [3, 4] . Furthermore, the need for innovative strategies for the sustainable development of LFAs in order to promote environmental protection, social equity, and economic growth is recognized in many studies [5] [6] [7] [8] .
In 2003, the European Court of Auditors recommended that the delimitation of LFAs should be based on a set of common biophysical criteria rather than the socio-economic criteria on which the previous scheme was based [1, 4, 9] . Several studies were conducted in order to identify a set of common biophysical criteria capable of indicating the overall suitability of land for agriculture for the delimitation of LFAs in Europe, as well as several studies reviewing the various proposals [1, 4, [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] . Accordingly, the European Commission developed a common set of biophysical criteria (i.e., soil, climate, and terrain) to meet the requirement for a robust and harmonized approach of delimiting areas that experience natural constraints to agriculture throughout the EU Member States [9, 10] .
The most recent updated guidelines for applying common soil, climate, and terrain criteria to identify agricultural areas with natural constraints as set out in the EU Regulation 1305/2013 on support for rural development by the European Agricultural Fund for Rural Development (EAFRD) and repealing Council Regulation (EC) No 1698/2005 were published in 2016 [19] .
The criteria are based on the "problem-land approach" [19] [20] [21] . The eight biophysical criteria developed for identifying significant natural constraints to agriculture in Europe are divided in climate criteria (Low Temperature, Dryness), climate and soil criteria (Excess Soil Moisture), soil criteria (Limited Soil Drainage, Unfavorable Texture and Stoniness, Shallow Rooting Depth, Poor Chemical Properties), and terrain criteria (Steep Slope). However, in countries or regions for which particular criteria are not relevant, they do not need to be calculated. Criteria are assessed according to the agronomic law of the minimum. More details are provided by Terres et al. [19] . Finally, it should be noted that the above criteria concern "natural" soil and climate conditions. Therefore, when natural conditions have been improved (e.g., through drainage, irrigation or other techniques), the corresponding areas should be excluded as the natural constraints have been overcome.
Previous studies investigated the assessment of soil and terrain criteria and described the data requirements and geospatial analysis techniques as well as possible challenges and limitations [2, 16, [22] [23] [24] . The assessment of climatic criteria can be also particularly challenging especially in regions characterized by increased spatial variability and data scarcity, while the obtained results are sensitive to data availability and quality as well as to interpolation methods and parameters [17, 19, 25, 26] .
A key characteristic of the South European countries and especially the Mediterranean countries is the huge spatial variability of meteorological conditions within short distances due to the steep relief, the long coast lines, and the great number of islands and peninsulas [25, 27, 28] . At the same time, in most cases the meteorological information available is scarce compared to other EU countries and limited to lower altitudes and/or coastal locations [25, 29] . Therefore, this information cannot describe the rates of change in precipitation and temperature with respect to elevation and the strong spatial variability of the climate as influenced by elevation, relief, and advective processes [30] . Furthermore, some of the weather variables required for the estimation of potential evapotranspiration (ETo) such as wind speed and solar radiation are often lacking or are of low or questionable quality [31] [32] [33] . Especially, in the case of Greece, there is a vast spatial variability of both precipitation and potential evapotranspiration [26, [34] [35] [36] .
In this context, the assessment of the dryness climatic criterion using geographical information systems (GIS) and kriging interpolation techniques in a data-scarce region (Greece) are being presented. The main objective of this study is to analyze the most important challenges and limitations and to identify feasible solutions for the delimitation of agricultural areas subject to constraints due to dryness. Furthermore, climate variability and the presence of trends in the meteorological time series that may affect agricultural production and water resources availability at the future were investigated as well.
Materials and Methods

Data
The required climate data comes from the Hellenic National Meteorological Service (HNMS) [37] , which is the National Service responsible to cover all the meteorological and climatological data needs of Greece. A total of 140 meteorological stations distributed all over the country were used ( Figure 1 ). The density of meteorological stations is 1 station per 950 km 2 and it can be considered adequate according to the international standards. However, Greece is characterized by a vast spatial variability of meteorological conditions in contrast to the relatively small size of the country (e.g., the annual precipitation depth ranges from well above 2000 mm/year at the higher elevation at the northwest to well below 500 mm/year at the southeast of the country [26, 36] ), which can be attributed to its steep relief including a massive sierra with a north-south direction dividing the mainland of the country, as well as its very long shoreline ( Figure 1 ). Accordingly, possible limitations could be the variability of meteorological stations density across the country and the underrepresentation of higher elevations as most meteorological stations are located at lower altitudes ( Figure 1 ). Another important issue is that most of the 140 meteorological stations' data-series had big gaps or didn't record all the required weather parameters. As an example, only 37 meteorological stations provided solar radiation or sunshine hour data ( Figure 1 ) and only these stations had adequate completeness and verified data quality by HNMS [37] .
According to the EC guidelines [19] , the recommended World Meteorological Organization's (WMO) reference climatic period should be used. The current climate reference period in use by WMO consists of 30 years from 1 January 1961 to 31 December 1990. However, it is also suggested that it is possible to adapt the reference period to following a "rolling" set of 30 year, updated every 10 years depending on best available datasets. Based on the above and considering the best available meteorological data series in the meteorological stations of the study area, in this application the reference climatic period consists of 30 years from 1 January 1971 to 31 December 2000.
The data used in this study were daily time-series of precipitation (P) as well as daily time series of the required parameters for the estimation of potential evapotranspiration (ETo) with the FAO Penman-Monteith method [38] , which are minimum, maximum, and mean temperature (Tmin, Tmax, and Tmean), mean relative humidity (RH), wind speed at 2 m height (WS), and solar radiation (Rs) or alternatively sunshine hours (SH).
In addition to the meteorological data, a digital elevation model of Greece provided by Shuttle Radar Topography Mission (SRTM) [39] was also used ( Figure 1 ) as a secondary dataset in the geostatistical methods applied (cokriging). The spatial data of the Utilized Agricultural Area (UAA) were also used. The data were obtained by the Integrated Administration and Control System (OPEKEPE) [40] in the form of vector files with scale 1:10,000.
Finally, administrative boundaries (water districts, local administrative units) that were also used in the current analysis, were obtained by the Hellenic Statistical Authority [41] and by the Greek Public Open Geodata Service [42] .
Meteorological Data Processing
The first step of this analysis was the assessment of the available datasets for integrity and consistency. As it was explained in more detail in the previous section, most of the 140 meteorological stations' data series had big gaps or did not record all the required weather parameters ( Figure 1 ). A possible option would be the use of only the stations having full datasets (all the required parameters), adequate completeness, and verified data quality. However, as can be seen in Figure 1 , very few of the available stations meet these criteria. Consequently, the density of meteorological stations would not meet the minimum requirements according to the international standards and more important, the remaining stations would not be able to describe the vast spatial variability of meteorological conditions. A second possible option would be the use of alternative simplified ETo estimation formulas requiring for example only temperature data [43] or temperature and relative humidity data [44] ; however, the specified EC guidelines [19] dictated the use of the FAO Penman-Monteith method [38] .
Accordingly, in order to address the abovementioned problems of the available data series, a semi-automatic supervised data quality testing and gap filling algorithm was developed using MS Excel VBA in order to be able to process the huge dataset in reasonable time. The algorithm read the available data from the ASCII files of each station, created the data series for each parameter, identified gaps, and reported obviously erroneous values. The absolute minimum and absolute maximum recorded values for each parameter were used as thresholds for the identification of erroneous values. Various other checks were also performed, such as minimum values higher than average values or maximum values lower than average values, negative precipitation, sunshine hours or wind speed values etc. Marked erroneous values were manually examined in order to explore possible easy ways of correcting them in order to avoid the loss of precious data. As an example, stations with misplaced data values were identified and corrected or in cases that only the minimum value of a parameter was missing it was estimated based on the maximum and the average value and so on. Finally, the remaining gaps were filled using data from the three nearest stations based on the Inverse Distance Weight (IDW) method with a power of 1 and considering precipitation and temperature lapse rates for precipitation and temperature data respectively. Here, it should be noted that other alternative gap filling methods such as autoregressive models or artificial neural networks could be possibly used in order to avoid the problem of using spatial interpolation twice; first for gap filling and then for gridded surfaces generation. However, in this study, the approach used was the only feasible alternative given the available dataset limitations (e.g., large gaps, lack of autocorrelation for critical parameters like precipitation) as well as the limitations posed by the requirements of the guidelines (e.g., daily time step, meteorological stations density).
Especially for the case of sunshine hour data, which are used for the estimation of solar radiation, the available data come only from 37 meteorological stations, while there were several gaps in the data series including periods without any data in most of the available stations. Therefore, in the case of missing sunshine hour data, the estimation of solar radiation was made using the following equation [33] :
where Rs is the solar radiation, RA is s the extraterrestrial radiation, Tmax is the maximum temperature, Tdew is the dew point temperature and kRs is an empirical radiation adjustment coefficient which generally varies from 0.12 to 0.25 and with a conventionally adopted value of 0.17 [33] . This equation is based on a similar equation proposed Hargreaves and Samani [43] :
where Tmin is the minimum temperature. Both equations were calibrated and evaluated by comparing the ETo values calculated using solar radiation estimated by sunshine hour data with the ETo values calculated using solar radiation estimated using Equations (1) and (2) for all the data points that sunshine hours data were available (376,000 data points).
Spatial Interpolation
According to the EC guidelines [19] , the calculation should be carried out with the annual totals of precipitation and of potential evapotranspiration for each year of the available data time series. Therefore, the daily grass reference evapotranspiration rates (potential evapotranspiration rates in relation to a living grass reference crop) were calculated using the FAO Penman-Monteith formula [38] for each day of the 30 years reference period and for each of the 140 meteorological stations. Then, the annual totals of P and of ETo for each year of the 30-year reference period and for each of the 140 meteorological stations were calculated. These calculated annual P and ETo data were then interpolated to produce the spatial distribution of the annual P and ETo depths for each year of the 30-years reference period. Considering the number and distribution of the meteorological stations as well as the steep relief of the studied area on one hand and the computational limitations on the other hand a grid resolution of 1000 m was chosen for the spatial interpolation in the study area.
In most similar applications the preferred spatial interpolation method is the kriging method [27, 28, [45] [46] [47] [48] and this method is also proposed by the EC [19] . Especially for the case of Greece, which is characterized by vast spatial variability of P mainly due to its steep relief [26, [34] [35] [36] , the cokriging method may help to overcome the limitations posed by the meteorological stations density and the underrepresentation of higher elevations as most meteorological stations are located at lower altitudes. The cokriging method utilizes the covariance between two or more regionalized variables that are related to provide improved results when the main attribute of interest (e.g., precipitation) is sparse, but related with secondary information (e.g., elevation) which is abundant.
Therefore, the correlations between P and elevation and between ETo and elevation were examined in order to determine if the use of the cokriging method is justified. Arowolo et al. [49] reported that the use of additional secondary information such as the distance to the sea or longitude and latitude may further improve the obtained results. Accordingly, the possible use of the Euclidean distance to the nearest coast as secondary information was also investigated. However, including longitude and latitude as secondary information was not considered because P and ETo are not monotonically vary with respect to latitude and longitude.
The most suitable kriging method was also selected and the semivariogram/covariance modeling functions and parameters were evaluated. Then, using the selected interpolation parameters, two series of 30 interpolated layers each representing the spatial distribution of the annual P depth and the spatial distribution of the annual ETo depth for each year were created.
Finally, in order to test the accuracy of the interpolated surfaces cross-validation of all the obtained results was made. The statistical measures that were used are the mean error (ME), the root mean square error (RMSE), and the root mean square standardized error (RMSSE). The ME measures the bias of the prediction and should be close to zero for unbiased methods. The RMSE measures the average precision of the prediction and should be as small as possible. In RMSE the effect of each error is proportional to the size of the squared error; thus, RMSE is more sensitive to outliers. The RMSSE is a normalized statistical measure and facilitates the comparison between datasets or models with different scales. RMSSE values close to one indicate better performance.
All the above analysis was made using ESRI's ArcGIS software package (version 10.5.1, Environmental Systems Research Institute, Redlands, CA, USA).
Dryness Climatic Criterion Assessment and Climate Variability
Using the interpolated P and ETo layers, the Aridity Index (AI) layers corresponding to each year of the 30-year reference period were calculated as follows:
Next, a raster layer representing the number of years, during which the dryness threshold is fulfilled (AI values ≤ 0.5 according to the guidelines [19] ) was computed. Based on this layer, the areas subject to dryness were obtained by assigning 1 to values of the previous output raster with number of dry years > 20% according to the guidelines [19] , and by assigning 0 to values ≤ 20%. The cells with a value of 1 are those areas subject to constraints due to dryness.
Finally, climate variability and the presence of trends in the time series were investigated. To this end, the areal P, ETo, and AI statistics were calculated for each of the 30 years and then their variability and possible trends were analyzed. Furthermore, the corresponding linear regression lines were fitted to the areal average of the annual P, ETo, and AI values and the corresponding 95% confidence bands were calculated. The significance of the difference of the corresponding slope values from 0 at the 0.05 confidence level was evaluated as well.
Results and Discussion
After the quality assessment, the correction, and the completion of the available datasets, a total of 140 meteorological stations ( Figure 1 ) containing complete data-series for all the required parameters except from Rs were made available.
Concerning the evaluation of Rs, as can be observed in Figure 2a ,b, both equations performed very well but Equation (1) performed slightly better (R 2 = 0.974) than equation (2) (R 2 = 0.957). Here it should be noted that the scatter observed in Figure 2 is created from a very small part of the 376,000 data points plotted in each graph and most of the data points are located near the x = y line. The calibrated kRs parameter values were 0.168 for Equation (1) and 0.195 for Equation (2) . Therefore, Equation (1) was used to estimate solar radiation in the cases of missing sunshine hour data. The very high R 2 values obtained and the overall performance of Equation (2), as can be clearly seen in Figure  2 , indicate that the estimated ETo values for the cases of missing SH data are sufficiently accurate. The obtained kRs values were in the normal variation range for both equations. For the case of Equation (1) its value is very near to the conventional value of 0.17; however, for the case of Equation (2) it is a bit higher but well below 0.25. (1) and (b) Equation (2) for all the data points that sunshine hours data were available.
Figure 2. Comparison of ETo values calculated using solar radiation values estimated by sunshine hour data with values calculated based on (a) Equation
Here, it should be noted that for locations having limited data availability or where the data quality is questionable, several simplified formulas requiring less parameters were developed from various researchers [33, 43, 44, 50, 51] and could simplify the procedure or in specific cases provide even better results [44] . However, the EC guidelines [19] dictate the use of FAO Penman-Monteith. This is an issue that should be more thoroughly studied and considered during the formulation of future guidelines.
After preparing the complete data-series for all the meteorological stations, the correlation of P and of ETo with elevation was investigated in order to examine if the use of the co-kriging method may provide improved predictions by taking advantage of the elevation data for each one of the parameters. In Figure 3a ,b, the covariance between P and elevation and between ETo and elevation are plotted respectively. In Figure 3a a clear positive covariance can be observed for the case of precipitation. However, as can be seen in Figure 3b , for the case of ETo its covariance with elevation is weak. As it is also reported by Shi et al. [52] and Soulis [25] , the relationship between ETo and elevation is complicated and it is very difficult to develop an algorithm for estimating spatially distributed ETo over mountainous regions. In contrast, it would be possible to consider the clearer relationships between meteorological parameters and topography (e.g., temperature-elevation, aspect-solar radiation, etc.) in order to improve the estimation of ETo spatial distribution [26, [34] [35] [36] . However, in this case the calculation of ETo using the FAO Penman-Monteith formula and the spatial interpolation should be done in a daily time step. Accordingly, using this approach (i.e., first to estimate the spatial distribution of the meteorological parameters and then to compute ETo in spatially distributed form) would require the interpolation of the corresponding meteorological parameters for each day of the 30-year reference period requiring the calculation of 30 years × 365 days × 5 parameters = 54,750 layers. Accordingly, the use of co-kriging was neglected in the case of ETo. Nevertheless, it should be noted that any resulting inaccuracies are mainly expected in mountainous areas with very high elevations, which are not important for this analysis that concerns non-mountainous agricultural areas. Arowolo et al. [49] , in their study investigating spatial interpolation techniques to generate highresolution climate surfaces for Nigeria, concluded that the use of kriging with longitude, latitude, elevation, and distance to coastline as external drifts provided improved results in the spatial interpolation of climate parameters. However, in the case of Greece the obtained results indicated that the spatial covariances between P and distance to the sea and between ETo and distance to the sea were weak, probably due to the complex topography of the country, which has a very long coastline and has many islands. Interestingly, the covariance between elevation and the distance to the sea was stronger, indicating that the two variables may not be independent in the case of Greece. However, it should be noted that more thorough study is needed to assess in more detail the effect of considering other external drifts on the spatial interpolation of climate parameters for the case of Greece due to its very complex geomorphology.
Following, the most suitable cokriging method was selected for the case of precipitation and the semivariogram/covariance modeling function and parameters were evaluated. The best results were obtained using the simple cokriging method. Furthermore, the exponential semivariogram model fitted adequately well in the studied dataset as can be seen in Figure 4 . Finally, it was found that considering anisotropy improved the interpolation performance because it allowed taking into account the effect of the massive sierra with a north-south direction dividing the mainland of the country (Figure 1 ). It should be noted that the interpolation parameters evaluation was made using as a paradigm the 30 years average annual precipitation depths. Following, using the selected interpolation parameters a series of 30 interpolated layers representing the spatial distribution of the annual precipitation depth for each year was created. The obtained results can be seen in Figure 5 . Finally, to test the accuracy of the interpolated surfaces cross-validation of all the obtained results was made. The obtained statistical measures were the following
•
Mean Error ranged between −52 and −64 mm • Root Mean Square Error ranged between 158 and 184 • Root Mean Square Standardized Error ranged between 0.82 and 1.07
As can be seen in Figure 5 , there is a vast spatial variability, which is present in both wet and dry years. The influence of the steep relief and especially of the massive sierra dividing the mainland of the country is also profound. Annual precipitation depths range from almost 2500 mm/year at the higher elevations at the northwest to almost 300 mm/year at the lower elevations at the southeast of the country and especially at the central Aegean islands. The presence of high temporal variability is also highlighted. As can be seen, there are some very wet years (e.g., 1979) and some very dry years (e.g., 1989). The big drought that lasted from 1988 to 1993 and caused major water shortages problems is also illustrated in Figure 5 . What is also interesting is that the above observations are very similar with the general patterns presented in previous studies using different geostatistical methodologies and different datasets [26, 36] . This fact supports the validity of the obtained results
For the case of ETo, the best results were obtained using the ordinary kriging method. Furthermore, the rational quadratic semivariogram model fitted adequately well in the studied dataset as can be seen in Figure 6 . It was also found that in this case considering anisotropy did not improve the interpolation performance. It should be noted once again that the interpolation parameters evaluation was made using as a paradigm the 30 years average annual ETo. Following, using the selected interpolation parameters a series of 30 interpolated layers representing the spatial distribution of the annual ETo depth for each year was created. The obtained results can be seen in Figure 7 . Finally, to test the accuracy of the interpolated surfaces cross-validation of all the obtained results was made. The obtained statistical measures were the following:
Mean Error ranged between −4 to −7.7 mm • Root Mean Square Error ranged between 72 to 124 • Root Mean Square Standardized Error ranged between 0.84 to 1.52
As can be seen in Figure 7 , there is profound spatial variability for the case of ETo as well. However, in this case the main differences are observed in the north-south axis. Specifically, annual ETo depths range from about 1800 mm/year at the southern part to about 900 mm/year at the northern part. The effect of the relief is also less obvious in this case. Temporal variability is less notable as well. In contrast with the case of P, in this case the obtained results have significant differences from a similar previous study [36] , in which the relief had a dominant effect. Though, in that previous study, only temperature data were used in ETo estimation with the Hargreaves and Samani [43] method. The temperature lapse rate was also used in the spatial interpolation of temperature. In contrast, in this study the FAO Penman-Monteith method [38] using the complete set of parameters was used. The results of the current study are more in line with the findings of Shi et al. [51] and Soulis [25] reporting that the relationship between ETo and elevation is not clear.
The Aridity Index (AI) surfaces corresponding to each year of the 30-year reference period that were calculated using the interpolated P and ETo surfaces can be seen in Figure 8 . As can be seen, the spatial and temporal patterns of AI mostly follow the spatial and temporal patterns of P. There are some very dry years that almost the entire country fells below the 0.5 threshold, while there are areas that fell below the 0.5 threshold in every year. Based on the AI surfaces, a raster representing the number of years during which the dryness threshold is fulfilled (AI values ≤ 0.5) was computed as can be seen in Figure 9 . The areas subject to dryness are the areas with a number of dry years greater or equal to 20% of the total reference period. The final results are illustrated in Figure 10 , where the cells with a value of 1 represent those areas subject to constraints due to dryness. As can be observed, the areas subject to dryness are mainly located at the southeast part of the country and at lower elevations. Though, the eastern part of the country is also the most populated and where the biggest cities are located. Besides, the three most important and most productive plains are also located at the eastern part of the country (Thessaly, Thessaloniki, and Strymonas river valley). This fact leads to very high irrigation water needs at the eastern and mostly dry part of the country as it is also reported by Soulis and Tsesmelis [26] , putting a lot of pressure on water resources. As regards climate variability and the possible presence of trends in the time series, the temporal variability of the areal average of the annual P, ETo, and AI values as well as the corresponding linear regression lines and the corresponding 95% confidence bands are presented in Figure 11 . As can be seen, P is characterized by high temporal variability, while for ETo and AI temporal variability is less notable. Furthermore, for the case of P a decreasing trend is observed with a slope of −6.57, which is significantly different from 0 at the 0.05 confidence level. In contrast, a slight increasing trend is observed for ETo with a slope of 0.27, which however, is non-significantly different from 0 at the 0.05 confidence level. As a result, a decreasing trend is also observed for AI with a slope of −0.0057, which is significantly different from 0 at the 0.05 confidence level. However, this preliminary analysis cannot provide safe conclusions due also to the short period studied (30 years). A more thorough analysis with longer data series is needed for this purpose. For example, Mimides et al. [53, 54] using a long data series from stations in southern Bulgaria and northern Greece observed the appearance of wet periods with periodic trends of about 20 years. However, Markonis et al. [55] reported that most regions in Greece show a decline in precipitation since 1950, an increase since 1980 and remain stable during the last 15 years. They also report that the significance of the observed decline is highly dependent to the statistical assumptions used and that change in time is strongly linked with the change in space (for scales below 40 years, relatively close regions may develop even opposite trends, while in larger scales change is more uniform). As regards to the expected future conditions, Tolika et al. [56] , considering twenty-two simulations from various Regional Climate Models (RCMs) reported that all the models estimated warmer and dryer conditions over the study area with the changes being larger in the continental than in the marine area of Greece. In terms of precipitation, a decrease up to −60% (A2 scenario) was estimated.
These trends may have important implications for agricultural production and could make water resources management in the country even more challenging. Accordingly, climate variability and possible trends should be investigated in more detail, using longer time series, in order to evaluate their impact in agricultural production.
Conclusions
In this paper the challenges, the limitations, and the solutions given for the assessment of the dryness climatic criterion using geographical information systems (GIS) and geostatistical techniques in a data-scarce region (Greece) were presented.
One of the most important challenges was the data quality testing and gap filling of the required meteorological parameters time series and especially for the case of solar radiation. For this purpose, two equations estimating Rs based on temperature and relative humidity data were tested and calibrated. Both equations performed very well and the calibrated kRs coefficient values were in the normal variation range for both equations.
The correlation of P and of ETo with elevation was also investigated in order to examine if the use of the cokriging method may provide improved prediction by taking advantage of the elevation data for each one of the parameters. A clear positive covariance was observed for the case of precipitation, while for the case of ETo the covariance between ETo and elevation is weak. For the case of precipitation, the best results were obtained using the simple cokriging method, the exponential semivariogram model, and considering anisotropy. For the case of ETo the best results were obtained using the ordinary kriging method and the rational quadratic semivariogram model.
A vast spatial and temporal variability of P was observed, while the influence of the steep relief and especially of the massive sierra dividing the mainland of the country is also profound. For the case of ETo there is also high spatial variability; however, in this case the main differences are observed in the north-south axis. The effect of the relief is also less obvious in the latest case and temporal variability is less notable.
The spatial and temporal patterns of aridity index mostly follow the spatial and temporal patterns of P. There are some very dry years that almost the entire country fells below the 0.5 threshold, while there are areas that fell below the 0.5 threshold in every year. The areas subject to dryness are mainly located at the southeast part of the country and at lower elevations, where the biggest cities and the most productive plains are located. This fact leads to very high irrigation water needs at the eastern and mostly dry part of the country putting a lot of pressure on water resources. Generally, most of the non-mountainous utilized agricultural area in Greece is affected by dryness due to a combination of low precipitation and high evapotranspiration rates. Considering also the findings of other studies estimating warmer and dryer future conditions over the study area it can be concluded that climate variability and possible trends should be also investigated in more detail, using longer time series, in order to evaluate their impact in agricultural production.
The present study may act as a paradigm for the assessment of climatic criteria in areas characterized by spatial variability and data scarcity. 
